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Abstract
The crime gender gap is the difference between the levels of participation of men and
women in crime, with men responsible for more crime than women. Recent evidence
suggests that the crime gender gap is closing, both in crime in general and in organized
crime. However, organized crime differs from other forms of criminal activity in that it
entails an organizational structure of cooperation among offenders. Assessing whether
the gender gap in organized crime is narrowing is not only about the overall levels of
involvement of women, but about their roles and positions within the organized
criminal structure, because the involvement of women does not mean that they are in
influential positions, or that they have power or access to resources important for the
commission of organized crime. This paper uses a social network approach to system-
atically compare the structural positions of men and women in an organized criminal
network. We use a dataset collected by Canadian Law Enforcement consisting of 1390
individuals known or suspected to be involved in organized crime, 185 of whom are
women. Our analysis provides evidence for an ongoing gender gap in organized crime,
with women occupying structural positions that are generally associated with a lack of
power. Overall, women are less present in the network, tend to collaborate with other
women rather than with men, and are more often in the disadvantageous position of
being connected by male intermediaries. Implications for theory and law enforcement
practice are discussed.
Keywords Socialnetworkanalysis .Autologisticactorattributemodels .Organizedcrime .
Criminal networks . Gender
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Introduction
The crime gender gap is the difference between the participation of men and women in
crime, with men responsible for more crime than women. The crime gender gap is one
of the most persistent and well-documented patterns in social sciences [1–3]. There are
numerous explanations for the underlying processes behind this pattern, such as
different structure of opportunities for males and females, differential influence of
deviant peers, different cognitive or emotional predispositions, and even biologically-
oriented explanations linking differences in crime to hormonal differences [1, 4].
Despite the persistence of this pattern and numerous candidate explanations for it, the
gap between men’s and women’s involvement in petty crime has been narrowing in
recent years (cf. [1]). There is evidence for the gender gap in organized crime as well
[5–7], leading to the question of whether the gender gap is narrowing in this domain as
well.
The gap between men’s and women’s participation in, and outcomes from, legal
economic activity has narrowed in recent decades. This raises the question of whether
similar trends are present in the illegal economy. The question whether the gender gap
is narrowing in organized crime is an open one with some evidence based on official
statistics [5] and from case studies [8] suggesting that the gap might be narrowing,
whereas other research from studies on white collar crime and criminal enterprises
points in the opposite direction [9, 10]. Organized crime is fundamentally different
from other forms of crime in that it entails an organizational structure of cooperation
among offenders (cf. [11, 12]). Seen from this perspective, the case of organized crime
is then not only about the sheer involvement of women, but predominantly about the
roles they play and positions within its structure, because the involvement of even a
large number of women does not mean that they are in influential positions, or that they
have power or access to resources important for the commission of organized crime.
Indeed, we cannot fully understand economic, social or organizational power without
theorizing and measuring power in structural terms [13]. We aim to contribute to this
debate on the crime gender gap by focusing on comparison between structural positions
of men and women in organized crime. Some studies explore the roles women play
within organized crime groups, and the structural positions they hold [5]. These studies
point out specific activities and roles of women, but in order to be able to assess gender
differences, it is necessary to not only point out the positions and roles of women, but
also systematically compare them to men. The social network perspective [14–16]
provides a framework for such a comparison, as it allows us to view organized crime as
a network of interactions and relations among offenders and to empirically assess
individual structural positions of males and females within the network [17, 18].
Moreover, statistical models for social networks go beyond description, allowing us
to draw inferences about systematic differences between the roles that men and women
play in organized crime.
In this study, we examine the similarities and differences between network positions
of men and women in organized crime networks. We review current theory and
previous research findings on gender and organized crime and on positions of women
in networks in general, from which we derive hypotheses on structural differences
between men and women [19, 20]. We apply statistical models specifically designed
for social network data called auto-logistic actor attribute models (ALAAM; [21, 22]),
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to a large anonymized dataset on organized crime originating from law enforcement
investigations in the Canadian Province of Alberta. The data consists of 1390 individ-
uals known or suspected to be involved in organized crime over a two-year period from
2014. Network ties in the data represent criminal collaboration and personal relation-
ships between individuals. The data contain a substantial proportion of women,
allowing us to compare the structural positions of men and women. The results of
our analysis show that women are less present in the network, tend to be connected to
other women, and that women are more often in the disadvantageous position of being
connected by male intermediaries. Importantly, we find fewer marked structural dif-
ferences between men’s and women’s networks than have been suggested by previous
research, but we nonetheless find significant evidence for an ongoing gender gap in
organized crime.
Organized crime and networks
There have been numerous theoretical attempts to conceptualize organized crime and
explain how it is in fact organized. One of the first theoretical descriptions was of
organized crime as a hierarchy akin to firms and bureaucracies [23]. More
economically-inclined researchers compared organized crime to markets, and still
others drew upon anthropologically inspired studies on kinship and ethnic communities
[23]. However, these theories assumed structural properties of organized crime (such as
hierarchy) instead of empirically examining the structure of actual organized crime
systems. In contrast, a social network approach requires no such a priori assumptions
about the structure of organized crime as it relies on the “least common denominator”
[18] of all types of organized crime – interactions and relations among a group of
actors. We approach organized crime as such a structure among collaborating actors
[24] which allows us to systematically compare the structural positions of men and
women.
Social network research on organized crime has focused predominantly on
structural properties of criminal networks and on central actors within them,
producing insightful findings about the way criminals use networks to organize
and about the network characteristics of key players [25–27]. While there are
pioneering studies investigating individual attributes and qualities of actors as
antecedents or outcomes of network structures (e.g., skills or formal hierarchy;
[28, 29]), gender as an attribute has been largely neglected in the network research
on organized crime. Individuals initiate or end interpersonal ties, and thus acquire
network positions, based on the opportunities and constraints given by their capac-
ities and characteristics [30]. Gender can be seen as a special case of these
individual characteristics in that the effect of gender on social networks is thought
to operate partly through systematic social-structural constraints and opportunities
that apply differently to men and to women [9, 31]. Since organized crime has been
considered male-dominated [5–7], it may be more difficult for a woman to become
involved in the network (for example, potential male accomplices may be unwilling
to work with them). Alternatively, women’s gender may create opportunities for
them (for example, they may not raise the same level of suspicion as men do. We
seek to advance the understanding of the interplay between gender and structural
positions within organized crime networks.
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Gender, network positions and organized crime
Attempts to decrease inequalities between men and women in various spheres of
social life have attracted the attention of many social scientists. Among them are
network researchers who have studied the positions of women and men in legiti-
mate networks in business, work-related life, immigration, the film industry and
local elites [32–34]. The involvement of women in organized crime has also been
studied [6, 35]. From a network perspective, we can try to extrapolate the findings
from legitimate networks to criminal networks. From an organized crime perspec-
tive, we can translate research findings into the language of networks. In this
section, we derive our hypotheses based on previous research in both these areas.
We note that the evidence from both fields is quite unclear and relatively scarce, and
we therefore formulate our hypotheses based on the more dominant notions in the
literature. Except where we state otherwise, our hypotheses relate to networks of
criminal collaborative ties.
An intuitive way to compare men and women in organized crime would be to look
at the percentage of women involved. Given the gender gap and general dominance of
men in this domain, we would expect to see more men in these networks. This is
supported by evidence from 1930’s American mafia settings [7] as well as contempo-
rary evidence - a study of Dutch organized crime found women constituting 11% of all
offenders [36], in an Italian mafia study, women accounted for 2% of offenders [37],
and in an Australian study, women represented 6% of 2172 offenders [38]. Overall,
women are not present in a lot of observed covert networks and when they are present,
there are usually fewer of them than men [39].
Even if higher proportions of women may be involved in crime than in the past,
they may not necessarily be more powerful, influential or active in the network.
Some conceptions view gender in terms of power relations between men and
women [19]. Such a relational view of gender accords well with the network
approach, where extensive research has shown that actors’ positions in networks
of interpersonal relationships relate to their power and influence [40]. In Smith’s [7]
study, there was a strong inequality between men and women in a variety of
network positions in the Chicago pre-Prohibition era organized crime scene. This
inequality sharply increased after the external shock of Prohibition. Power and
influence in networks is often examined using the concept of centrality. Two
conceptions of central actors that have shown to be relevant in a criminal context
are those who are have more ties (are more active), and those who control important
and/or numerous resource flows within the network and thus serve as a bridge
between many other actors in the network [41]. Despite the fact that gender
differences in networks may be disappearing in legitimate contexts which actively
support gender equality [42], there are no such equality-promoting programmes in
criminal environments and thus we would expect women to be less active and less
influential in the network.
H1: There are fewer women than men in an organized crime network.
H2: Women have fewer ties in an organized crime network.
H3: Women are less likely to be positioned to control resource flows in an
organized crime network.
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If we consider dyads - that is two actors connected by a tie - we can look at the
differences between men and women through within-gender and cross-gender ties, i.e.,
whether women are connected in the network via other women or rather via men. The
former tendency to associate with those who are similar on some salient attribute is
known as homophily, and has been described as a persistent mechanism behind tie
creation in a multitude of empirical settings [43, 44]. The latter is the inverse tendency
to seek partners with different attributes, known as heterophily. Again, Smith’s [7]
study on the Prohibition-era Chicago mafia found strong homophily among men, yet
no such tendency among women. Even in more recent cases, mafia-type organizations
are among the types of organized crime groups where women frequently participate
only through their connections to men. This can be because they are introduced to
mafia by their spouses or family members; or because they substitute for them in cases
where the male is on the run, in prison or dead [45]. While both these cases would lead
to heterophily, they have potentially different implications in terms of power. Women
who fill in for their spouses may have the power and the ability to shape events, while
women who connect via their spouses may not. Another type of organized crime where
previous research found women to be involved via men (in other words, via
heterophilous ties) is human/sex trafficking, where women are thought to be involved
frequently because of their ability to embody traditionally gendered roles involving
care and compassion, making them more persuasive with regard to interactions with
victims [46]. Power-relevant heterophily effects are not exclusive to criminal networks
– since male dominated social networks are reproduced by men forming ties to other
men, if women do not want to be excluded from access to power or resources, they
need to rely on heterophilous ties to men. This phenomenon has been documented in
elite, business, and managerial networks [42, 47]. Thus, heterophily for women may be
more a matter of constrained opportunities than of preference [48].
H4: Women have more ties to men than to women in an organized crime network.
Related to the dyadic level of analysis is the question of pre-existing ties. These represent
relations established between people prior to their direct involvement in criminal activity.
Specifically, pre-existing ties may be kinship, friendship or shared affiliation to the same
organizations or social settings [49]. Pre-existing ties are important because they may be a
precondition for creating trust - a scarce yet crucial resource in criminal environments -
potentially compensating for the lack of institutions assuring the enforceability of com-
mitments [50, 51]. Thus, the presence of a pre-existing tie between two actors in a criminal
network may facilitate their criminal cooperation. The effect of pre-existing ties is usually
strong in criminal networks regardless of gender. The question is whether pre-existing ties
work differentially for men and for women. There is some evidence from mafia-type
groups suggesting that women become involved in these groups either as substituting for
their incapacitated partners and family members or they are introduced by them into the
group [52]. Due to constraints in access to organized criminal activities for women [6, 7,
10], the use of pre-existing ties may be a much stronger entry mechanism for women than
it is for men.
H5: Women are connected more via pre-existing ties in an organized crime
network.
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Additional complexity arises when we consider triadic configurations (subsets of three
connected nodes) and their interplay with gender. Three nodes can be connected either
partially via only two ties (resulting configuration called a two-path) or completely,
forming a triangle. Two-paths are a network expression of brokerage roles or behav-
iours [53, 54]. In two-paths, the intermediary actor with two ties is the broker who is in
an advantageous position over the remaining two actors, as in order to reach each other,
these two actors rely on the broker. This enables the broker to exploit his or her
position, either by engaging in arbitrage and generating a profit, by controlling
information flows, or by accessing diverse information and resources [44, 53]. Network
brokerage is a common social mechanism observed in a variety of empirical settings.
However, research suggests that brokerage may be even more important in the criminal
domain, because it connects actors without creating redundant ties (unlike triangles),
which would increase the risk of detection by increasing the number of observable
relationships and interactions [55, 56]. While in general, brokerage is regarded as a
source of advantage for the brokers, it is also important in criminal networks as a
mechanism for assuring secrecy. Regarding the role of women in organized crime,
previous research indicates that brokerage was a niche role or behaviour which was
sought out by women. For instance, so-called madams have been documented to hold
positions of brokers in sex trafficking, though there was considerable variance among
madams in terms of brokerage [57]. In the aforementioned Dutch study by Kleemans
et al. [36], women were frequently found in brokerage positions too, though the notion
of brokerage was conceptually wider – women brokered between countries (e. g., via
marriage), contexts (e. g., via their knowledge of languages and ability to mediate) or
groups (as women are supposed to raise less suspicion than men). However, systematic
comparison on the difference between men and women in terms of brokerage is
lacking.
H6: Women are more frequently in broker positions in an organized crime
network.
Triangles are complete substructures which represent the opposite tendency to broker-
age called (triadic) closure [44, 54]. In triangles, everyone interacts with everyone else,
creating conditions for the mutual monitoring of actions, the sharing of information,
and thus the possibility that information is relatively homogenous among actors within
the triad. Unlike brokerage, closure does not allow one actor the opportunity to exercise
structurally-related power over the remaining two. Closure is frequently observed to be
associated with social support, social control, trust and, and adhesion to social norms in
variety of networks involving collaboration ties [58]. These mechanisms enable coop-
eration in legitimate settings [54]. These potential effects of closure appear to be
important for criminal networks as well, since organized crime is a risky activity with
no formal institutions to assure compliance or enforce commitments between actors
[30, 51]. In this context, closure is another means to establish trust in addition to pre-
existing ties. However, the question is whether this still holds when we consider the
interaction between closure and gender. Some research on legitimate networks suggests
that closure in networks may penalize women. Lutter [32] in his study of the US film
industry found that women face a “closure penalty” – when they are embedded within
closed structures, they have less career opportunities and their chance of failure is
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higher than in open structures. There is also some evidence from criminal networks
supporting this idea – with increasing prevalence of triangles in the network, women
became more marginal and less included within them [7]. Given that brokerage is
supposed by many researchers to be the lever by which women acquire advantage
within otherwise male dominated networks, it is logical that closure as the inverse
mechanism is not beneficial for women.
H7: Women are less frequently involved in triangles in an organized crime
network.
Data
We test our hypotheses using anonymized data consisting of 1390 individuals known
or suspected to be involved in organized crime over a two-year period up to 2016. Of
these 1390 individuals, 1205 are male and 185 are female. Organized crime is defined
according to the Criminal Code of Canada as a group of three or more people whose
main purpose or activity is the facilitation or commission of serious criminal offences
that, if committed, would likely result in material benefits (including financial benefit)
for at least one member of the group. Individuals represented in the data are known or
suspected to be involved in a number of crime types, including property crimes,
vehicle-related crimes, financial crimes, human trafficking, extortion/intimidation,
weapons offences, and violent crime. However, the most common type of crime is
drug trafficking. As Alberta lacks seaports that can be used for the importation of illicit
drugs, organised criminal activity is heavily focused on the production of distribution
of synthetic drugs. Indeed, methamphetamine possession rates are some of the highest
in Canada [59].
Individuals were sampled from a larger data set of 3137 individuals. There are
several types of network tie in the dataset, and for the purposes of analysis we aggregate
these into two types: collaboration ties and pre-existing ties. Collaboration ties include
ties between individuals who are known to law enforcement as being associated in
criminal activities; who have been seen together by police surveillance or during police
street checks; who are said to be associated by police sources; or who are reported as
having criminal links in police case files. These collaboration ties can be seen as
evidencing purposeful interactions, involving both direct (face-to-face) and indirect
(e.g., phone calls, e-mails) communication. This dimension also includes collaboration
on tasks or co-appearance at the same time in relevant places. Police use these
relationships to confirm or infer the presence of criminal collaboration between indi-
viduals. Pre-existing ties are based on intelligence that suggests individuals are co-
workers; have a romantic relationship or an ex-romantic relationship; a familial rela-
tionship; or a friendship relationship [49]. These tie types are evidence of relationships
that likely predated any acts of criminal collaboration. Due to the risky nature of
criminal collaboration, enduring or close relationships that engender trust and loyalty,
or that make defection undesirable, are often observed to be pre-cursors to criminal
activity. Romantic, familial and friendship relationships tend to be close, enduring and
characterised by trust [14] and so reduce the risks associated with criminal collabora-
tion. Workplace relationships also tend to be enduring and signal economic co-
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dependency, making defection among accomplices riskier and so facilitating coopera-
tion. They might also indicate access to shared resources that can be used for the
commission of crime. The relationship types, observed number of relationships in the
data sample, and details of how they were derived by police and/or intelligence analysts
are shown in Table 1. Note that relationship types are not mutually exclusive and more
than one type can be present between two individuals. Individual cases were selected
for analysis based on whether there was at least one network tie observed for that
individual in the collaboration network (network degree ≥1).
Table 1 Types of ties and their transformation





Individuals linked due to commission of criminal
activities; co-charged; co-accused; co-convicted.
Usually inferred by police/court occurrence reports
that set out those who have been charged.
862
Checkup/street check Individuals linked due to observation by police, leading
police to infer that they are criminal associates.
Observation could result from situations such as
individuals being observed together on a street
corner or individuals being observed together at an
Outlaw Motorcycle Gang clubhouse. Street checks
are brief reports that police make when documenting
things/people they observe or encounter.
763
Known associate ‘Known associate’ indicates that police have
information that confirms the association between
the people. The information could be from street
checks or other police reporting.
1
Said to be associated
with (source
report)
Information about a criminal association provided by a
person of interest and not by direct police
observation.
468
Pre-existing Co-worker This implies a legitimate business relationship of
co-worker. This might come from police observation
whereby they attend a business location and see the
individuals there and they claim to be employees or
co-workers or from documents about the individual





Familial Parents, children, siblings, spouses. 63
Friend A social relationship that does not involve any
suspected or actual crime, and is not a family or
business relationship, etc. Police might infer
friendship by direct observation (e.g. they are seen at
a bar together).
21
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Data limitations
Data was collected by multiple police forces using a standardised form which prompts
intelligence analysts for information regarding individuals under investigation, their
attributes and their network ties; and then collated by a central police intelligence
agency. Data come frommultiple sources, including human intelligence (such as source
reports, police surveillance), signals intelligence (such as the interception of commu-
nications), and open source intelligence (such as information freely available online).
There are a number of limitations associated with intelligence data on covert activities,
such as missingness, measurement error, anchoring bias (that is, focusing only on a
partial set of individuals), or halo effect (e.g., when initially observed individuals get
disproportionate coverage; [60]). It must also be acknowledged that while we have
categorized ties into criminal collaborative and pre-existing based on criminal network
theory, there is no information in the data that allows definite conclusions to be drawn
regarding the temporal ordering of types of relationships between individuals. Despite
these limitations it is important to acknowledge the expertise of the police personnel
and intelligence analysts responsible for collecting and collating the data. Analysts use
their expert judgement and apply knowledge and information not captured in the data to
try to ensure that the data is an accurate representation of the criminally-relevant
activities of individuals in population under surveillance. Further, intelligence data
remains one of the best available means for understanding covert social networks
[25, 26].
Methods
First, we calculate various descriptive measures.1 Density is the number of ties present
in the network relative to the maximum number of possible ties in the network (that is
the number of all pairs of nodes). The clustering coefficient is defined as a ratio of
complete (“closed”) triangles to all two-paths in the network - that is to all triads
connected only by two ties. Both these measures take the range of [0, 1], where the
closer to 1 the value is, the denser the network and the more closed triangles there are,
both indicating higher cohesion. A path is a sequence of ties leading from one node to
another, in which no tie nor node is repeated, and networks can be characterized by
mean path length – shorter mean path length indicates the nodes in the network are
closer to one another on average. A component is a maximally connected subgraph. In
other words, all nodes in a component can reach one another by some path, and there is
a no path between a node in the component and any node not in the component. The
assortativity coefficient is Pearson’s correlation coefficient between degrees of adjacent
nodes [61] and it describes the tendency of actors of similar degree to be connected.
Homophily on gender is measured by the assortativity coefficient on gender [62],
where the value of +1 indicates perfect homophily whereas −1 indicates perfect
heterophily.
1 An up-to-date introductory overview for SNA terminology and descriptive methods is given, for example,
by Borgatti et al. [14] or by Prell [15].
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Degree is the number of ties a node has – a higher number indicates greater
centrality. The network can be characterized by mean degree of its constituent nodes.
Betweenness centrality [41] measures the centrality of a focal node according to the
number of shortest paths (“geodesics”) between all pairs of actors in the network that
the focal node is on. It therefore relies on the topology of the entire network rather than
the local-structural configurations of nodes. It is thought to measure the amount of
network ‘flow’ that passes through a given node and is usually interpreted as an
indicator of individual influence.
Descriptive measures provide a good starting point for the comparison of men’s and
women’s position with the network. However, they are insufficient for this task, as
descriptive statistics do not account for randomness in network tie formation, nor
statistical significance of the differences between men’s and women’s network posi-
tions. Hence, it is necessary to use a suitable statistical model which allows us to
distinguish systematic outcomes from those brought about by random chance. Using
statistical models for network data helps us to address one of the criticisms raised
against the application of SNA to study criminal networks, namely its predominantly
descriptive focus [17, 24]. Statistical modelling of networks was specifically developed
to overcome the shortcomings of descriptive SNA by permitting inferences about the
underlying mechanisms responsible for the observed network data [63].
It is important to note that using standard statistical models such as regression
analysis is not valid on network data for two reasons [63, 64]. First, network observa-
tions are not a random sample from a well-defined population, but rather a collection of
actors and the interactions and relations among them observed for some specific reason
(such as involvement in organized crime) with the aim of making inferences as to
whether some postulated effects are systematically present or whether they could have
arisen just by chance. Second, standard statistical models are built upon the cornerstone
assumption that the observations are independent of one another. This assumption is
violated in networks, as both nodes and ties are interdependent in the network.
Therefore, we apply a model specifically designed to model interdependencies arising
in network data.
Since our overall aim is to compare men and women in terms of their network
positions, we use auto-logistic actor attribute models (ALAAM; [21, 22]). The depen-
dent variable in the model is an actor attribute (in our case, gender2) explained by a
combination of structural and individual variables. The structural predictors are repre-
sented by configurations, which are subgraphs expressing network substructures of
theoretical interest. For instance, a configuration is a homophilous tie, i. e., a tie incident
to actors who share an attribute (are both women for example), or a two-path in which a
woman brokers between two other actors. The individual predictors are other attributes.
The configurations we used to test our hypotheses are displayed with their graphical
representation in Table 2. Although ALAAM has not yet been extensively used in the
literature, there are applications testifying to its usefulness [66].
2 Note that this use is unusual for ALAAM, which is usually used as a model of social influence, because
gender does not change with the change of network structure (e.g., an actor does not become a woman by
being embedded within structures occupied by many women). We use ALAAM as a network discriminant
analysis [65] to distinguish structural differences between positions of men and women. Taking gender as a
dependent variable is similar to approach taken by Edling et al. [42], although these authors used standard
logistic regression.
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The ALAAM estimates parameters relating various network (structural) and actor
attributes to the log-odds for a binary outcome variable on each node, given a fixed
network, and fixed attributes on the actors, but also taking account of the outcome
variable on neighbouring nodes in the network. Here the outcome is gender (recoded as
1 for female, 0 for male), and the network is the collaboration network. The only other
attribute used is the betweenness centrality of each actor (as previously described). In
addition, a second network is used as a “setting”, or environment in which the
Table 2: ALAAM effects for interaction within the collaboration network
Effect Figure Descripon
Aribute-Density The propensity of women to be involved in the 
network (H1).
Acvity Propensity of women to be acve or popular in 
the network. Relates to H2.
Star2 Propensity of women to create addional 
es.(H2).
Star3 Propensity of women to create addional es 
(H2).
Contagion Tendency of women to associate with 
women(H4). 
T1 Tendency of women to be involved in closed 
structures (H7).
T2 Tendency of women to be involved in closed 
structures with women (H7).
T3 Tendency of women to be involved in women-
only closed structures (H7).
Seng-Homophily Tendency of women to associate to other 
women via pre-exisng es (H4).
2-Path-Equivalence Tendency of women to rely on brokers to be 
connected (H6). 
Partner-Acvity Tendency of women to rely on brokers to be 
connected (H6).




Tendency of women to have higher 
betweenness (H3). 
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relationships in the first network occur. Here this “setting” network is the pre-existing
relationships network.
Descriptive analysis results
Table 3 shows summary statistics for the collaboration and pre-existing tie networks.
Pre-existing ties form many components. The collaboration network has a maximum
component of size 709, indicating that a considerable number of individuals in the
dataset are connected by some path. Mean degree, network density and mean path
length are higher in the collaboration network than in the network of pre-existing ties.
The clustering coefficient indicates that there is more closure in the pre-existing tie
network than in the collaboration network, which is unsurprising as networks of
‘emotionally close’ ties such as kinship or friendship tend to display closed structures
[67]. The assortativity coefficient here is degree assortativity, or the tendency for
vertices of similar degree to be connected. The assortativity coefficient is (strongly)
positive for the pre-existing ties network, as is usual for social networks, but it is
(slightly) negative for the collaboration network, which is unusual for social networks,
which tend to be highly assortative [61]. This could be due to the data collection
method - data is collated by a central agency from multiple investigations by different
police forces. If these investigations are separate and focus on key persons of interest
and their ties, there may be a lack of connectivity between high degree nodes in the data
set. Alternatively, it could reflect the logic of criminal organization, in that important
individuals tend to not connect directly with one another due to rivalry or to minimise
risk [68]. Figure 1 shows the degree and component size distributions for the collab-
oration network.
Table 4 shows summary statistics of the two networks based on gender. Men
have higher mean degree in the collaboration network than women. This provides
Table 3 Summary statistics for collaboration and pre-existing tie networks












Collaboration 1390 115 709 3.14 0.00226 0.35973 −0.00174 7.25
Pre-existing 1390 1238 10 0.289 0.00021 0.75833 0.86769 1.4
Fig. 1 Collaboration network degree and component size distributions
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support for hypothesis 2. The dispersion of degree in the collaboration network,
as measured by its standard deviation, is also greater for men than for women.
Women have higher mean degree in the pre-existing ties network, providing
evidence for hypothesis 5. Women’s degree dispersion is lower than men’s in
the pre-existing tie network. Table 2 also shows the assortativity coefficient for
both networks. Here the assortativity coefficient is for assortativity on gender, or
the tendency for nodes of the same gender to be connected (evidencing
homophily). There is a very small positive gender assortativity in both networks,
providing evidence against hypothesis 4.
In order to investigate women’s tendency to occupy central network positions
relative to men, betweenness centrality was calculated for each node in the
collaboration network using the igraph [69] package in R [70], without normali-
zation. Table 5 shows summary statistics for betweenness centralities in the
collaboration network. Men have higher mean betweenness centrality than wom-
en, and the nodes with the highest betweenness scores are men, indicating that
men tend to be more powerful than women on this commonly-used measure of
centrality. This provides support for hypothesis 3.
Figures 2 and 3 are sociograms of the collaboration network and the pre-existing ties
network. Figure 2 provides visual indication that nodes with high betweenness central-
ity tend to be male.
Statistical modelling results
Estimation of ALAAM parameters was done with IPNet [71]. The results are shown in
Table 6. The model is converged well with the convergence t-ratios for all parameters
less than .1 in magnitude. Table 6 shows a small number of significant effects, with
only three parameter estimates indicating statistically significant differences between
the network positions of men and women. This suggests that the model did not detect
any systematic differences between men and women in terms of their activity (captured
Table 4 Summary statistics for collaboration and pre-existing tie networks based on gender
Network Mean degree SD degree Gender assortativity
Men Women Men Women
Collaboration 3.27 2.35 3.29 1.78 0.099
Pre-existing 0.287 0.303 0.887 0.566 0.087
Table 5 Summary statistics of betweenness centrality of nodes in the collaboration network
Nodes Min. 1st Qu. Median Mean 3rd Qu. Max.
All 0.00 0.00 0.00 1163.82 59.25 75,085.64
Men 0.00 0.00 0.00 1300.35 106.04 75,085.64
Women 0.00 0.00 0.00 274.52 2.00 6132.62
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by the effects of activity, star2, and star3 effects), involvement in closed structures
(captured by T1, T2, and T3 effects), involvement via partners (partner-activity and
partner-resource effects) and involvement via pre-existing ties (setting-homophily
effect). Also, despite the descriptive statistics indicating that men have higher mean
betweenness centrality than women, the effect of node’s betweenness centrality is non-
significant when we account for the other structural effects in the model. Therefore, we
find no support for hypotheses 2, 3, 5, and 7 conditional on the other significant effects.
There are three significant effects in the model. The first one is the attribute-density,
which controls for the smaller number of women in the network than men. This
supports hypothesis 1 and indicates that at least in terms of men to women ratio in
organized crime, the gender gap has not been closed. Another significant effect is
contagion, denoting homophily. Here, we see a positive sign suggesting the tendency of
women to be associated with other women in the network rather than with men. This
contradicts hypothesis 4, which predicts heterophilous tendencies for women. The
finding that women in organized crime have homophilous tendencies is contrary to
some previous findings [46, 72], although these analyses did not specifically control for
the proportion of women in the network as well as brokerage tendencies. The last
significant effect is the two-path-equivalence. This effect is related to brokerage
Fig. 2 Collaboration network visualized with the “graphopt” force-directed layout in igraph. The nodes are
coloured according to gender (orange for men, blue for women) and sized proportionally to their betweenness
centrality
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positions and is interpreted as indicating structural equivalence between women, i.e.
women tend to occupy structurally equivalent positions in the collaboration network.
Given the other two-path configurations in the model this effect captures the situation
in which a male actor brokers between two women who don’t have a direct connection
to one another, potentially giving the male broker an advantage over his female
associates. This effect is positive, suggesting that women are more likely to be in
structurally equivalent and disadvantageous positions of being brokered between by
men. Again, this finding is at odds with some previous research which found women
occupying brokerage positions [36, 57]. This result is more consistent with women
being introduced into the network by men, than replacing men who have died or been
imprisoned.
Table 7 shows the goodness of fit statistics for the model.3 The t-ratios of each
parameter included in the model are all smaller than 0.3 in magnitude, suggesting
acceptable fit of the model to the data.
Fig. 3 Pre-existing ties network, with isolates removed, visualized with the “graphopt” force-directed layout
in igraph. The nodes are coloured according to gender (orange for men, blue for women)
3 Goodness of fit is assessed by simulating networks statistics from the estimated model, and calculating t-
ratios based on comparison of the observed network statistics to the distribution of simulated network
statistics. A rule of thumb for adequate fit is t-ratios less than 0.3 for statistics included in the model [63].
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Discussion
The results of our analysis are surprising in the sense that where previous research on
the role of gender in criminal contexts suggests that there ought to be numerous
structural differences between men’s and women’s networks, we found relatively few
significant differences between the structural positions of men and women in our
observed network. A number of differences between men and women’s networks
suggested by the descriptive statistics were contradicted or clarified by the modelling
results (ALAAM). While descriptive analysis shows that women on average have
Table 6 Results of ALAAM for the collaboration network
Effect Parameter Std. Error









2-Path-Equivalence 0.100845 0.0206 *
Partner-Activity −0.153155 0.09838
Partner-Resource 0.092529 0.13832
Betweenness Centrality −0.000087 0.00008
Table 7 Goodness of fit statistics of the ALAAM for the collaboration network
Configuration Observed Simulated Mean Simulated SD t-ratio
Attribute-Density 185 184.0230 16.7766 0.0582
Activity 435 427.8310 51.9741 0.1379
Star2 586 561.7940 129.6385 0.1867
Star3 844 783.6890 439.5816 0.1372
Contagion 41 39.7710 10.6209 0.1157
T1 341 324.3010 86.3678 0.1933
T2 62 55.9350 27.8699 0.2176
T3 5 4.3190 3.6944 0.1843
Setting-Homophily 6 5.2250 4.7918 0.1617
2-Path-Equivalence 224 202.2290 87.5454 0.2487
Partner-Activity 205 190.0850 73.3764 0.2033
Partner-Resource 52 46.0400 30.385 0.1961
Betweenness Centrality 50,785.743 50,710.7638 17,338.0992 0.0043
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lower betweenness centrality in the collaboration network than men, the results of the
ALAAM indicate no significant tendency towards lower betweenness centrality for
women. Further, while the descriptive statistics show weak support for gender
homophily, the modelling results indicate a significant positive tendency towards
homophily in the collaboration network. Finally, while women have more pre-
existing ties on average than men, modelling results indicate that women do not tend
to have a greater tendency to collaborate with one another via pre-existing ties than men
do. These results demonstrate the importance of comparing men and women’s criminal
network positions using methods such as ALAAM that account systematically for
network tie dependencies, and that acknowledge the fact that lower-order network
configurations are nested within higher-order configurations. Thus the interpretations of
particular structural features of a network may be explained or strengthened when we
account for lower-order and other theoretically-relevant configurations.
However, our modelling results indicate that women are overall less likely to
participate in the network, when they participate they associate significantly more
frequently with other women, and they tend to be on the potentially less advantageous
ends of open brokerage structures. These results provide evidence for an ongoing
gender gap in organized crime. Research in legitimate contexts has found evidence
for a ‘structural perspective’, where gender differences in networks are explained by
opportunities and constraints in network formation presented by men and women’s
differential positions in the broader economic and societal structure [9, 10, 31]. On this
view, the observation that women are both less present and less active in the network of
organized criminals connected to the Canadian province of Alberta may reflective of a
systemic lack of opportunities for women to participate in organized crime, or systemic
constraints preventing women from joining the network. For example, women may
lack opportunities to form network ties because they are excluded from convergence
settings such as dive bars where criminal collaborations arise and crimes are planned
[11] and so they are unable to learn about criminal opportunities or become involved in
criminal conspiracies [10]. Constraints may include a relative lack of the resources
required to be of use to criminal organizations, or a cultural perception among criminals
that women should not or cannot participate in criminal activities [9]. Furthermore,
gender stereotypes operating in wider society may affect the positions of women in
criminal networks. Societal expectations and gender relations are geared towards men
holding positions of influence and power [19, 20], and as such men may work to keep
women excluded from powerful positions within criminal networks. For instance, some
research suggests that male criminals’ perceptions that women are untrustworthy,
unreliable, or weak is a barrier to women’s entry into, and acquisition of advantageous
positions within, organized crime [6, 7].
Our finding that when women do participate they tend to occupy the potentially
disadvantageous ends of open brokerage structures, with men occupying the broker
position, suggests that women may be ‘used’ by men for what resources they have,
without exercising true power in the form of the coordination or orchestration of
criminal activities. While in other contexts brokerage behaviour has been viewed
mainly as a source of performance advantages for individuals and groups [53, 54], in
criminal networks it has also been seen as a source of covertness [56] or as a niche role
in the organization of criminal activity [57]. Combining these functions of brokerage,
occupying brokerage positions may be a source of potential power in criminal
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collaboration networks in that it could allow individuals to control information and
resources while maintaining concealment and allowing the accumulation of advantage.
Thus the fact that women tend to be brokered between by men in our data evidences
their systematic lack of power in comparison to men. The observation that women tend
to ‘flock together’ [43] also implies that when women do participate in organized crime
it may be in niche activities or segments of the criminal supply chain [26] that are open
to women, such as sex or human trafficking. Taken together, these findings provide
evidence that women tend to participate in organized crime either in peripheral, low-
power positions or in groups with other women, in accordance with some previous
findings (cf. [9, 10]).
Finally, the finding that there is no tendency towards heterophily in women’s
network ties, alongside women’s minority position in the network in terms of overall
numbers, might speak to a lack of opportunities by which women are able to form ties
with and access resources from important men in the network. In contrast, research on
legitimate organizations has found that women tend to violate homophily preferences in
order to access resources from powerful actors, and this may be a mechanism by which
women who are in a minority position increase their power [73].
In sum, while our findings do not accord fully with previous research regarding
differences in the structural positions of men and women in criminal networks, they do
provide evidence for an ongoing gender gap in involvement in organized crime. In
other words, it appears that organized crime continues to be predominantly ‘a man’s
world’.
Conclusions and future research directions
We formulated our hypotheses and specified our model based on previous research on
the positions of men and women in organized crime and on the differences in positions
between men and women in legitimate networks. Most of the former studies are
qualitative case studies on different criminal groups focusing specifically on what
women do within these groups. This provides great detail and the contextual informa-
tion on women’s roles in organised crime and how women acquire certain positions.
This depth is, however, perhaps achieved at the expense of systematic comparison
between men and women. The social network perspective and specific models such as
ALAAM offer a way to make such a comparison. Statistical models for social networks
allow us to show that in our specific case, we do not find evidence for the differences in
the structural positions of women compared with men in organized crime, as apparent
structural differences may be due to structural social processes that are not gender-
specific and are not accounted for by simple descriptive network analysis. However,
further research is necessary in order to say whether our findings differ from previous
research because of the use of our statistical models or because our case itself is
different from other cases. The present study provides an insight into differences
between men and women in organized crime in one large network, albeit in a particular
societal, geographic and temporal context. In order to gain a more solid picture of the
gender differences in organized crime, it is necessary to study other criminal networks
and accumulate findings on consistently appearing patterns concerning gender therein,
which provide systematic evidence of the roles women play in organised crime.
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One avenue for further research would be the investigation of how the activities of
criminal groups affect the involvement and structural positions of women within the
groups. There may be differential rates of involvement in different types of organized
criminal activities or groups [6]. We might expect that women are less involved in
those types of organized crime which require more “professional” involvement, and
where stakes and risks are higher (Steffensmeier and Allan [2]) (although there are
counterexamples in the trafficking industry). Some researchers hypothesize that women
are less likely to be involved in violent activities, a hypothesis sometimes referred to as
the gendered market hypothesis [36, 46]. Connell’s [19, 20] social theory of gender
argues that violence is a means by which men maintain power over women – violence
is regarded as ‘natural’ for men, but not for women – so there are ways that broader
social theory may be informative here as well. Answering these questions will likely
prove valuable in understanding organized crime.
Another avenue for future research is the dynamics of criminal networks. Our study
provides a static picture of positions of men and women in one criminal network, but in
order to better understand the differences between genders it is important to consider
the evolution of these differences over time. In other words, an important issue is
whether the crime gender gap is narrowing or widening over time and in what aspects –
in the sheer involvement of women, in their structural positions or in both? A
longitudinal perspective would also allow us to better understand the mechanisms
behind the formation of criminal networks. For example, given that we observe that
women tend to be brokered between by men, we may wonder if there is a high rate of
‘churn’ of women occupying this structural position in the network. If so this would
suggest that women play a relatively dispensable role in criminal networks, where they
are used for their resources and then discarded. There has been vigorous development
of longitudinal models for networks in SNA [74] which are capable of separating the
influence of endogenous network effects, attribute effects, and exogenous dyadic
effects on the evolution of the network as well as attributes over time. Thus far these
models have been relatively little-used in criminal network research. Combining
longitudinal network data with qualitative or ethnographic data about broader social,
economic, and political context would also be a fruitful avenue in studying how
changes at the societal level translate into individual positions of men and women in
the structures of organized crime.
The study of both the different activities within criminal networks and network
dynamics require suitable data. As we have noted above, collection of complete and
reliable data is probably the largest challenge in the study of criminal networks [26, 27]
and it also presents the greatest limitation of our present study. It is impossible to know
whether the observed differences between men and women in our network are a true
reflection of the phenomenon of organized crime, or whether they are an artefact of data
collection, recording and collation methods. For example, women may appear less
present in the observed network because law enforcement tend to focus attention on
male criminals while paying less attention to the kinds of crime that women are
involved in. In addition, we found no evidence that women are more likely to be
connected by pre-existing ties in the network. However, the way in which our data was
collected and collated means that the number of pre-existing ties may be
underestimated and their temporal precedence to collaboration ties is uncertain.
Time-stamped data, indicating the precise temporal order of tie formation, would
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provide further evidence on interrelationships among types of ties in criminal networks.
However, as more and more studies reveal interesting and valuable insights, law
enforcement practitioners collect more valuable data and are increasingly interested
in the field of criminal network analysis. Researchers may take advantage of this
momentum and propagate good practices for collecting and processing data on covert
populations to further advance the area of inquiry.
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